City University of New York (CUNY)

CUNY Academic Works
Dissertations and Theses

City College of New York

2021

Spatial and non-spatial patterns of genetic diversity in Neotropical
bats
Andrea J. Calderon Brito
CUNY City College

How does access to this work benefit you? Let us know!
More information about this work at: https://academicworks.cuny.edu/cc_etds_theses/977
Discover additional works at: https://academicworks.cuny.edu
This work is made publicly available by the City University of New York (CUNY).
Contact: AcademicWorks@cuny.edu

City University of New York (CUNY)
CUNY Academic Works

Dissertations and Theses

City College of New York

2021

Spatial and non-spatial patterns of genetic diversity in
Neotropical bats
Andrea Janneth Calderón Brito
CUNY City College

Spatial and non-spatial patterns of genetic diversity in
Neotropical bats
By Andrea Janneth Calderón Brito

Mentor:
Dr. Michael Hickerson

Committee Members:
Dr. Ana Carolina Carnaval
Dr. J. Angel Soto-Centeno

The City College of New York, 160 Convent Ave, New York, NY 10031

2

Abstract
Macroecological studies that predict genetic diversity and its correlation with
other biodiversity dimensions are essential to conservation in a rapidly changing
environment. However, in bats (order Chiroptera), studies associating abiotic or
ecological traits that could help to predict genetic diversity are scarce, even for
singular species. In the Neotropics, the highest concentration of mammal and
amphibian genetic diversity has been found in the Andes mountains and the Amazon
Rainforest, yet it is an open question whether bat genetic diversity is also higher in
these regions, or even if any abiotic factors are correlated with bat genetic diversity.
Additionally, it is not known if any species-level ecological traits should be
significantly correlated with species-level genetic diversity. To test the hypothesis that
there is a correlation between bat species diversity and average genetic diversity, I
calculated intraspecific genetic diversities from publicly available mtDNA datasets
collected from bats, one of the most diverse groups of mammals in the Neotropics
with economic and ecological importance. I divided the study into two classes of
analyses: non-spatial and spatial. In my non-spatial analyses, I estimated nucleotide
diversity per bat species or OTU, and compared it to 19 environmental factors, two
vegetation indices, five ecological traits and phylogenetic family membership. In the
spatial analyses, I used the same bioclimatic environmental variables, vegetation
indices, and one measure of species richness, and compared these measures to
average intraspecific genetic diversity calculated from 66 geographically distributed
grid cells. Using a map of bat occurrence data, I estimated the average nucleotide
diversity across bat species from each 300 x 300 km grid cell that contained at least
three sequences of the same OTU. Across the same grid cells, I also compared
these abiotic variables with a proxy of phylogenetic diversity derived from the total
average pairwise distances among locally sampled allele copies. In my non-spatial
analyses, I found a significant correlation between nucleotide diversity and the
family-level taxonomy, geographic range size, trophic guild membership, annual
precipitation and precipitation of the wettest month. The spatial analyses showed
that the highest estimates of genetic diversity and phylogenetic diversity are found in
the Mesoamerican forests and the Andes mountains, and that there was a positive
and significant correlation between bat species richness and average intraspecific
nucleotide diversity per grid cell. Temperature variables were positively correlated
with average nucleotide diversity, and phylogenetic diversity was positively
correlated with precipitation variables and vegetation. The best model explained
around 24% of the average nucleotide diversity (Adjusted R²= 0.240), 20% of the
phylogenetic diversity (Adjusted R²= 0.202) across the Neotropical region. However,
the available bat mitochondrial DNA mined from public databases highlights many
largely unsampled areas in the Neotropical region, which may be creating error and
bias in overall results of this study. This study highlights the many gaps in knowledge
and the importance of filling them to have a better understanding of species history,
as well as potential species responses to climate change in the Neotropics.
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Introduction
There has been an increasing interest in predicting geographic patterns of
biodiversity from environmental variables at regional and local scales (Pio et al.,
2011; Georgopoulou et al 2016; Hrivnák et al., 2020). Abiotic conditions have long
been considered of vital importance to understand and model the current distribution
of individual species (Harrison & Cornell, 2008). Although these studies commonly
use metrics such as species richness or phylogenetic diversity (Godoy et al., 2018;
Gagné et al., 2020; Paz et al., 2021), some have also focused on predicting
geographic patterns of biodiversity at higher taxonomic levels (e.g. tribes and
genera, Kaspari, 2001; Wiese et al., 2016).
More recently, macroecological studies of biodiversity have begun to explore
regional patterns of intraspecific genetic diversity across species (Villamor et al.,
2014; Lawrence & Fraser, 2020; Manel et al., 2020), often finding positive global
correlations between species diversity, phylogenetic diversity, and intraspecific
genetic diversity across a variety of taxonomic groups (Manel et al., 2020;
Theodoridis et al., 2020; Hu et al., 2021). These correlations are consistent with
predictions from ecological theory, linking diversity across hierarchical scales from
species to genes, such as the Species-Genetic Diversity Correlation (SGDC) pattern
(Vellend, 2005; Baselga et al., 2013). However, negative correlations could and do
emerge for several non-mutually exclusive reasons. For example, when an
ecological or environmental variable varies through space, it may result in a scenario
where species “A” becomes abundant in the area, displacing other species. This
change leads to species diversity to decline, while the genetic diversity could remain
high due to the hyper-dominant (e.g. species “A”; Lamy et al., 2017).
Genetic diversity is important because it facilitates species adaptation to
environmental changes (Razgour et al., 2019; Fitzpatrick et al., 2020;
Fernandez-Fournier et al., 2021), and therefore potentially confers higher resilience.
For this reason, identifying areas with low or high levels of genetic diversity, and
understanding how they may correlate with environmental conditions could help to
determine how communities may respond to climate change (Crawford & Rudgers,
2013; Miraldo et al., 2016). By quantifying geographic patterns of intraspecific
genetic diversity across a taxonomic group, it is possible to gain a better
comprehension of the evolutionary history of constituent species and explain how the
distribution of genetic variation across taxa is related to environmental variation
across the planet (Yang et al., 2018; Escobar et al., 2021). This could be particularly
helpful to conservation in regions with low tolerance to anthropogenic pressures
(Crawford & Rudgers, 2013).
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When correlations between species richness and genetic diversity are found
(SGDCs), hotspots of both types of diversity are often predicted to be concentrated
in tropical regions (Miraldo et al., 2016; Theodoridis et al., 2020). To date, mapping
genetic diversity for mammals and amphibians has provided much evidence that
biodiversity tends to increase in the tropics, with the tropical Andes and Amazonia
harboring some of the highest assemblage-level genetic diversity worldwide (Miraldo
et al 2016).
In this study, I investigated whether this same pattern is widespread in
Neotropical bats. In the Neotropical region (Wallace, 1876), the order Chiroptera
(commonly known as bats) are highly abundant and diverse. Their high
morphological variation has been considered a consequence of their adaptive
radiation (Monteiro & Nogueira, 2011; Santana et al., 2012; López-Aguirre et al.,
2018) with several emergent and unique characteristics that make them an
interesting study system. Most bats produce only one offspring per year and live
twice as long as other mammals of the same size (Mandl et al., 2018). Their high
metabolic requirements are supplied through oxidative phosphorylation, whose
by-products are toxic, yet bats are well-adapted with DNA repair pathways (Shen et
al; 2010; Zhang et al. 2013; Anderson & Ruxton, 2020). From an ecological
perspective, they play essential roles as pollinators, seed dispersers, and in insect
control (Burns & Broders, 2014; Cosson et al., 1999; Gorresen & Willig, 2004; Meyer
et al., 2015, Cruz-Salazar et al., 2018). They are ecologically diverse, occupying five
trophic guilds (insectivorous, frugivorous, hematophagous, nectarivorous, and
carnivorous), more than any other group of mammals (Calonge, 2009; Cruz-Salazar
et al., 2018). There is also growing evidence that ecological traits associated with
dispersal may be efficient predictors of bat response to climatic change (Sherwin et
al., 2013; Smeraldo et al., 2021). During the Last Glacial Maximum, larger,
neotropical frugivore bats from the Phyllostomidae family experienced more
pronounced population bottlenecks relative to other groups of bats due to changes in
patterns of precipitation which impacted angiosperm plants, their primary food
source (Carstens et al., 2018).
In this study, I asked which spatial environmental variables best predict (1)
intraspecific genetic variation and (2) phylogenetic diversity across co-distributed
Chiroptera taxa in the Neotropics. Based on previous findings in mammals and
amphibians, I expected that the Amazon rainforest and the Andes mountains are the
regions with highest bat genetic diversity, but I had no a priori expectations regarding
which environmental conditions are more strongly correlated with this pattern.
Studies correlating genetic diversity and environmental factors are scarce and
contradictory, depending on the species (Asher, 2009, Collevati et al., 2020). I used
19 bioclimatic variables that quantify various aspects of temperature and
precipitation (Fick & Hijmans, 2017) and used published mitochondrial data from two
databases, GenBank (Clark et al., 2016) and BOLD Systems (Ratnasingham &
Hebert, 2007), for Neotropical bat species. I then (3) evaluated how intraspecific
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genetic diversity relates to ecological traits, (body size, length of the forearm, trophic
guilds, weight and geographic range (km²), family-level taxonomy, as well as
environmental factors per species. Assuming the generality of the findings of
Carstens et al. (2018), (4) I predicted that ecological traits and the family-level
taxonomy are significantly correlated with genetic diversity. If this is the case, then
these measures should improve the prediction of genetic diversity.
Methods
Molecular data collection
Molecular data used in this study were downloaded from the GenBank (Clark
et al., 2016) and BOLD Systems databases (Ratnasingham & Hebert, 2007), and
consisted of a mitochondrial gene fragment of the cytochrome oxidase subunit 1
(CO1) gene of 657 base-pairs in length. These data were obtained from 11,624
individuals collected between 1980 and 2018. When coordinates were not provided, I
georeferenced points whenever a locality was named along with some descriptive
geographic information. The area of study goes from northern Mexico (33.14° N
latitude) to the end of South America. For practical purposes, I referred to this study
area as the Neotropical region, as classified by Wallace (1876), even though
originally Mexico is not considered part of this region (Figure 1).
ANALYSES
I conducted two categories of analyses: spatial and non-spatial. Spatial
analyses used spatial units of grid cells (300 km by 300 km per cell) coinciding with
locations of available genetic data (Figure 2). In the non-spatial analyses, I used
OTUs as my units of study. For the purpose of this analysis, an OTU was defined as
a named bat species (or subspecies, if such information is available). In the spatial
analysis, I compared phylogenetic diversity and average genetic diversity against
environmental conditions sampled at each grid cell. For the non-spatial analysis, I
compared the per-OTU genetic diversity, per-OTU environmental factors, and
per-OTU traits across all observed OTUs, without accounting for any spatial
information.
Environmental Variables
To explore the relationship between climate and genetic diversity, I used
nineteen environmental variables of temperature and precipitation. I extracted them
from WorldClim based on weather station data dated from 1970 to 2000 (Fick &
Hijmans, 2017). Also, two vegetation rasters: EROS Moderate Resolution Imaging
Spectroradiometer, (eMODIS) and Advanced Very High Resolution Radiometer,
(AVHRR). Both have Normalized Difference Vegetation Index (NDVI) values that
were obtained from the U.S. Geological Survey (2020). The same environmental
variables were used for spatial and non-spatial analyses.
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SPATIAL ANALYSES
Using R (R Core Team, 2021) and the occurrence data of the bat sequences,
I generated a map of species density (number of bats per grid cell) with a resolution
of 300 x 300 km (Figure 2). To avoid too much missing data, my analysis only
included grid cells for which a minimum of three allele copies were available. I used
these grid cells to calculate phylogenetic diversity. This resulted in a final number of
66 grid cells usable for the phylogenetic diversity correlate study (Figure 2.A). To
calculate average nucleotide diversity, I applied a minimum threshold of at least
three bat individuals per OTU. This resulted in 46 grid cells usable for the average
nucleotide diversity analysis (Figure 2.B).
Phylogenetic Diversity per Grid Cell
With DNASP 6.1 (Rozas et al. 2003), I used a metric that serves as an
approximation of phylogenetic diversity (Faith, 2018) that can be calculated across
all sampled individuals per grid cell. For this approximation, I used the average
pairwise distances per base pair across all allelic copies within each sampled grid
cell including all interspecific and intraspecific genetic distances (Nei & Li, 1979;
Tajima, 1983), such that identifying the bat sequences to the species level was
unnecessary. The number of sequences that were identified as “Chiroptera'' were
11,624.
Average Genetic Diversity per Grid Cell
Similar to my calculations of phylogenetic diversity calculated on every
sampled grid cell, I calculated intraspecific genetic diversity for every Operational
Taxonomic Unit (OTU) within every sampled grid cell, and then calculated the
average of this metric across all sampled OTUs per grid cell (Nei and Li 1979; Tajima
1983). I used a minimum threshold of three individuals per OTU that were assigned
to each grid cell when calculating OTU-level nucleotide diversities (Rozas et al
2003). Sequences without scientific names, or identifications limited to the genus
names, were discarded. The total number of sequences used was 10,853 with a
range of 1 and 70 OTUs per grid cell (Figure 3).
Regional classification of grid cells
I grouped the 66 grid cells into five areas that were named depending on their
proximity to biodiversity hotspots or ecoregions to identify high and low phylogenetic
diversity areas. This included the Atlantic Forest-Cerrado (Brazil), the Amazon
Rainforest, the Andes mountains, the Mesoamerican forests (from southern Mexico
to Panama) and the Sonoran-baja deserts (northern Mexico, Figure 4.A). I did the
same for the average nucleotide diversity, grouping the 46 grid cells into four
regions: the Atlantic Forest-Cerrado (Brazil), the Amazon Rainforest, the Andes
mountains, and the Mesoamerican forests (Figure 4.B).
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Species Richness
The median of species richness per grid cell (i.e., the number of species) was
obtained by using distribution shapefiles for all the bats species in the study area,
using geographic range maps from the International Union for Conservation of
Nature (IUCN, 2021). A presence/absence raster was created from these data with
the R package “LetsR” (Viela & Villalobos, 2015; Figure 5).
Taxon coverage per species was calculated as the number of OTUs (species)
found per cell against the mean number of species expected in the cell according to
species richness values (IUCN, 2021). Taxon coverage at the family level was
calculated by comparing the number of species obtained per family in my data set
and the number of species per family expected according to the IUCN (2021).
NON-SPATIAL ANALYSES
To complement my spatial analysis at the grid cell resolution, I compared
nucleotide diversity across the entire sampled range of each OTU (species) to three
classes of response variables: climatic variables,OTU-level ecological traits and
family-level taxonomy. The climatic variables were obtained for the sampled
occurrence points of each OTU and were then averaged across the range of each
OTU. Therefore, this constitutes an analysis that is not spatially explicit.
Nucleotide Diversity
As in the spatial analysis, nucleotide diversity per OTU was calculated with
DNASP 6.1 (Rozas et al. 2003). Sequences without complete scientific names were
excluded. A total of 10,853 sequences were used, and the nucleotide diversity for
141 OTUs was obtained. Average nucleotide diversity per bat family and per trophic
guild (carnivory, hematophagy, insectivory, frugivory, nectarivory) was also
calculated.
Ecological traits and bat families
I hypothesize that the following ecological traits inﬂuence species-level
genetic diversity through their potential impact on dispersal and survival: (1) body
size (head to body, no tail included), (2) length of the forearm, (3) trophic guilds, (4)
weight and (5) geographic range (km²). To test this hypothesis, I collected these data
from an online database of mammal traits (panTHERIA; Jones et al., 2009), as well
as the primary literature (Tirira, 2009; Kunz & Fenton, 2003). The geographic range
of bat species was obtained from panTHERIA (Jones et al., 2009) and the IUCN
(2021). For the trophic guilds, I used a general classification based on the main food
source of the species (OTU): (1) carnivory, (2) hematophagy, (3) insectivory, (4)
frugivory, and (5) nectarivory. I additionally included (6) the family-level phylogenetic
association of the OTUs as a predictor of nucleotide diversity.
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Single-variate Linear Models for spatial and non spatial analyses
To understand the relation between the biodiversity metrics and environmental
variables, ecological traits, and OTUs’ families, 71 linear models (lm) were calculated
in R (R Core Team, 2021). Subsequently, I used the Akaike information criterion
(AIC; Akaike, 1973) to select the environmental variables, and ecological traits that
best explain genetic and phylogenetic diversity patterns.
For the spatial analyses, the median values of two vegetation rasters, the
nineteen rasters of temperature and precipitation, and a species richness raster,
were extracted per each grid cell. The 21 environmental variables and the species
richness were tested individually for correlation with phylogenetic diversity and
average nucleotide diversity. In total, I obtained 44 linear regressions (Table 1, Table
2).
For the non-spatial analyses, I obtained a linear regression for genetic
diversity with each of the five ecological variables (e.g. trophic guilds, weight,
forearm size, body size, geographic range), family membership and each of the 21
environmental variables depicting temperature, precipitation and vegetation (Table
3). I used occurrence points of each OTU to extract OTU-specific values from the
environmental rasters, and obtained the average of the environmental values for
each OTU. I obtained 27 linear regressions.
Multivariate linear regression models for spatial and non spatial variables
To reduce the number of variables in order to simplify interpretation and
increase parsimony (Hosmer et al., 2013; Chowdhury & Turin, 2020), I first modeled
all possible combinations of groups of three out of 22 independent variables
(environmental variables and species richness), obtaining 1540 combinations per
each of the two biodiversity metrics (average nucleotide diversity and phylogenetic
diversity). I then repeated that for all combinations of groups of four variables, out of
the 22 independent variables, obtaining 7315 combinations to compare with each
biodiversity metric. For the non-spatial analysis, which included 21 environmental
variables, five ecological traits and the family-level taxonomy, I compared all possible
combinations of sets of three and four OTU-specific environmental variables,
ecological traits, and OTUs’ families with OTU-wide nucleotide diversities. I obtained
2925 and 17550 combinations, respectively.
I then retained the models where all the independent variables had a Variance
Inflation Factor (VIF) value lower than five. To calculate a VIF value, each
independent variable of a model (e.g. species richness, temperature, vegetation)
becomes a dependent variable in a series of regressions (R²i):
lm = species richness ~ temperature + vegetation
lm = temperature ~ species richness + vegetation
lm = vegetation ~ species richness + temperature
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The R² of each regression (R²i) is used to calculate a VIF. Considering the
formula: VIF = 1/ 1- R²i, if R²i is close to one, VIF is going to be close to five.
Therefore, this is, typically, the threshold that indicates multicollinearity (Fox, 2008;
Kim, 2019; Manel et al 2020). I used the VIF function from the Companion to Applied
Regression (car) package (Fox et al., 2018) in R (R Core Team, 2021). Of these
models where all the independent variables had VIF values lower than five, I
reported the model with the lowest AIC value (Akaike, 1973) as the “best-fit” model.
In the spatial analyses, for each of the multivariable models with lowest AIC
and VIF < 5, I used the function “raster::predict” (Hijmans & Etten, 2010) in R. I
created spatial model predictions with linear regression and the rasters from the
environmental data and species richness.
Results
Families and trophic guilds data
The data contained nine bat families. A total of 63% of the species belong to
the family Phyllostomidae, followed by Vespertilionidae and Molossidae, with 11%
each (Figure 6.A). The taxonomic coverage per family varied widely, with the two
extremes being the family Noctilionidaeon the low end (two species) and the
Phyllostomidae on the high end (89 out of the total 205 species; Figure 6.B). The
family with the highest average nucleotide diversity is Natalidae (0.080; Figure 6.C).
There was also variation with regards to diet categories across all the bat
species sampled in this study. Most of the species were insectivorous (51%),
followed by frugivores (36%), nectarivores (9%), carnivores (3%) and a single
species of hematophagous bats (Figure 7.A). Of all of the 66 sampled grid cells,
36.7% have fewer than 5% of the total pool of sampled OTUs per cell (Figure 7.B).
Carnivores have the highest average nucleotide diversity (0.045), followed by the
one species of hematophagous bats (0.028), insectivores (0.023), frugivores (0.017)
and nectarivores (0.012; Figure 7.C).
Spatial patterns of Phylogenetic and Genetic Diversity
The amount of available data across the 66 sampled grid cells varied with a
range from one OTU and three sampled individuals to a maximum of 70 OTUs and
3990 sampled individuals. However, the number of sequences per cell is not
significantly correlated with phylogenetic diversity (Figure 8.A, Adjusted R²= 0.031, p
value= 0.16), the average nucleotide diversity (Figure 8.B, Adjusted R²= 0.062,
p-value= 0.094), or the number of OTUs per cell (Figure 8.C, Adjusted R²= 0.06, pvalue= 0.1).
The areas with the highest phylogenetic and average nucleotide diversity are
located in the Mesoamerican Forests, specifically in Panama and Costa Rica (0.223
and 0.046, respectively; Figure 4.A, Figure 4.B). Other areas with high phylogenetic
diversity were the part of the Andes mountains that belongs to Bolivia and Argentina,
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followed by the Amazon Rainforest and the Sonoran-baja deserts. The Atlantic
Forest-Cerrado region has the grid cells with the lowest values of average nucleotide
diversities and phylogenetic diversities compared to the other biodiversity hotspots.
The Mesoamerican forest (Panama-Costa Rica) showed the highest average
nucleotide diversity (0.040). Other areas with high intraspecific genetic diversity are
also in the Mesoamerican forest (southern Mexico and Guatemala), and the Andes
mountains (Ecuador).
SPATIAL ANALYSES
Single-variate and Multivariate Regressions comparing phylogenetic diversity
with abiotic and biotic variables
Regression analyses indicated that there were three significant correlations
between the variables and phylogenetic diversity (p <0.005). These predictor
variables included the two vegetation variables (AVHRR, Adjusted R²= 0.092,
p-value= 0.008; eMODIS Adjusted R²= 0.067, p-value= 0.02,); and the precipitation
of the coldest quarter (Adjusted R² =0.048, p-value= 0.043, Figure 9 & Table 1). In
contrast, the multivariate, best-fit model included the median of vegetation (AVHRR),
annual precipitation, precipitation of the warmest quarter of the year, and minimum
temperature of the coldest month as predictor variables (AIC=168.623, Adjusted R²=
0.202, p-value= 0.002, Figure 10 & Figure 11).
Single-variate and Multivariate Regressions comparing average nucleotide
diversity with abiotic and biotic variables
As for the average nucleotide diversity, the most strongly correlated
environmental variables (p < 0.05) were the mean diurnal range (Adjusted R²=
0.072, p-value= 0.040), and temperature annual range (Adjusted R²= 0.069,
p-value= 0.043). The other non-environmental variable that was significantly
correlated with average nucleotide diversity was species richness (Adjusted R²=
0.065, p-value= 0.048, Figure 12 & Table 2). The predictor variables for the
multivariate, best-fit model to predict intraspecific genetic diversity, included the
precipitation of the coldest quarter, species richness, mean temperature of the driest
quarter, and mean temperature of the warmest quarter (AIC= -325.259, Adjusted R²=
0.240, p-value= 0.003, Figure 13 & Figure 14).
NON-SPATIAL ANALYSES
Non spatial comparison between species-wide genetic diversity, environmental
variables and ecological traits
In the non-spatial comparison, regression analyses indicated that for
species-wide genetic diversity, the environmental variables with the strongest
correlations were precipitation of the wettest quarter of the year (Adjusted R²= 0.029;
p-value= 0.024), and annual precipitation (Adjusted R²= 0.024, p-value= 0.037;
Figure 15). The ecological traits correlated with the genetic diversity per OTU were
geographic range (Adjusted R²= 0.024, p-value= 0.039), and trophic level (Adjusted
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R²= 0.029, p-value= 0.024). Also, the family-level taxonomy to which each OTU
belongs was a good predictor of genetic diversity (Adjusted R²= 0.049, p-value=
0.004, Figure 16 & Table 3). Finally, the best-fit model to predict species-wide
genetic diversity included the vegetation (eMODIS), family-level taxonomy,
precipitation seasonality and precipitation of the driest quarter of the year
(AIC=-583.851, Adjusted R²= 0.117, p-value= 0.0003, Figure 17).
Discussion
In agreement with the combined global map of genetic diversity of mammals
and amphibians (Miraldo et al., 2016), the Andes mountains (or the Tropical Andes
along the southern portions of this mountain range) are one of the Neotropical
regions with the highest bat genetic diversity. However, in my study, the highest
values of genetic and phylogenetic biodiversity were found in Central America.
Perhaps this is not too surprising given that Mesoamerican forests are a biodiversity
hotspot with a variety of habitats created by mountains that have led to high
endemism rates and a diverse bat community (Medina-Van Berkum et al., 2021). In
addition, the possibility that several cryptic species inhabit this area (Chaverri et al.,
2016) may have contributed to the high levels of bat genetic and phylogenetic
diversity detected in the present study.
Correlates of Phylogenetic Diversity
One of the striking patterns to emerge from this study was that phylogenetic
diversity had a positive and significant correlation with vegetation and precipitation of
the coldest quarter of the year. This suggests that the availability of resources (food,
roosts and water) may explain patterns of phylogenetic diversity in the Neotropical
region. These results also support the energy hypothesis, which suggests that areas
with more resources can hold higher levels of diversity (Brown, 1981; Wright, 1983).
Precipitation has been previously found to correlate with species richness and
phylogenetic patterns in plants, butterflies, frogs, and small mammals in Mexico and
Brazil (Mason-Romo et al., 2017, Paz et al., 2020, Santos et al., 2020). The strong
relationship with precipitation of the coldest month of the year may also suggest that
phylogenetic diversity is influenced by seasonal variations in the Neotropical region.
On the other hand, vegetation is an important variable for bats’ roosting and diet
requirements (Asher, 2009). Other biodiversity metrics such as species richness,
abundance and functional richness have been shown to significantly correlate with
forest cover in tropical bats (García-Morales et al., 2016). Additionally, it has been
suggested that areas where the natural vegetation has changed may have impacted
the genetic diversity of the long-tongued bat, Glossophaga soricina in Brazil
(Collevati et al., 2020). Collectively, these results imply that, by conserving natural
vegetation, we are protecting different levels of biodiversity at once, including
phylogenetic diversity and richness.
Correlates of Genetic Diversity
In this study of Neotropical bats, species richness had a positive and
significant correlation with average nucleotide diversity. A possible reason for this
relationship is that bats' ability to fly may affect dispersal rate, geographical range,
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and their access to diverse habitats. According to Vellend (2005), this could impact
both species richness and genetic diversity simultaneously (Lamy et al., 2017).
Average nucleotide diversity also shows a significant correlation with mean
diurnal temperature range and annual temperature range. The fact that areas with
large temperature fluctuations tend to have high bat genetic diversity is consistent
with observations that bats are resistant to temperature fluctuations, due to
adaptations (Speakman & Thomas, 2003, Debata et al., 2019). For example, torpor,
an energy-saving technique similar to hibernation (Czenze & Dunbar, 2017), is used
by temperate, tropical and subtropical bats when environmental temperatures are
low (Audet & Thomas, 1997; Geiser & Stawski, 2011). Conversely, this adaptation is
also used by bats to counter hyperthermia (Reher & Dausmann, 2021). If bats living
in areas of large temperature fluctuations are physiologically tolerant and therefore
able to have large geographic ranges, that could in turn result in more standing
genetic diversity.
If the opposite relationship emerges, the reduction of temperature fluctuation
could cause a decline of genetic diversities and size of geographic ranges in bats.
Being endotherms, bats need to keep their body temperature within certain
boundaries (Rumel et al., 2019); as such, the selection of bat roosts depends on
temperature. Tropical bats, for instance,select roosts that protect them from high
temperatures, while temperate species select roosts that protect them from the cold
during the day (Speakman & Thomas, 2003). This effectiveness of bat
thermoregulation depends on the interaction of weight, basal rate of metabolism
(BRM) and thermal conductance (McNab, 1969), with BRM being linked to trophic
guilds: smaller insectivorous species have below-average BRM, and larger
frugivorous species have above-average BRM (McNab, 1969, Speakman &
Thomas). Incorporating trophic guilds, roosting conditions, basal rate of metabolism
or body weight could improve current and future genetic diversity predictions
because these ecological traits impact dispersal and gene flow in populations, with
bats frequently staying or migrating to areas with roost accessibility and adequate
weather conditions (Norquay et al., 2013). 2003). This is important to address
because current climate change is resulting in an increase in the mean minimum
temperature (mostly nighttime) (Karl, et al., 1991). This could cause reductions in
Diurnal Temperature Range (Braganza et al., 2004), and bats in tropical areas could
be the most vulnerable to this new climate scenario (Sherwin et al., 2013).
Model limitations
The low adjusted R² of the multivariate models fit here (Phylogenetic
diversity= 0.20; average nucleotide diversity= 0.24; nucleotide diversity per OTU=
0.12) was not unexpected, especially given that I was trying to predict complex
patterns of biodiversity through a limited number of variables. Other global studies
across a broad set of species have likewise found low to moderate levels of
correlation when seeking to predict genetic diversity at large spatial scales.
Examples include an R² of 0.16 in a study of marine fish (Mabel et al., 2020); 0.19 in
freshwater fish (Manel et al., 2020), and 0.36 in terrestrial mammals (Theodoridis et
al., 2020).
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The biodiversity metrics used in this study do not show a significant
correlation with the number of sequences per OTUs or per grid cell. This means that
the number of sequences in a region had little impact on the estimates of genetic or
phylogenetic diversity variation. However, in my study of average nucleotide diversity
levels, the low coverage per cell (< 5% of total taxa sampled) detected on half of the
grid cells demonstrates how several places in the Neotropical region are poorly
sampled or not sampled at all. Those gaps of information have likely introduced
errors in the predicted models. One potential example is the prediction that sites in
the southwestern portion of South America (such as Chile and Argentina) have
higher genetic diversity than well-recognized hotspots such as the Amazonian
rainforest or the Atlantic forest (Mittermeier, et al., 2005). However, because high
genetic diversity was found to occur in Chile and Argentina in a screening of
cytochrome b variation in the order rodentia (Theodoridis et al., 2020), and given that
a study of the Chilean bat, Myotis chiloensis, indicated that genetic diversity can
increase from north to south in South America (Lilley et al., 2020), it will be important
to collect more data from unsampled areas such as the Amazonian rainforest, the
Cerrado, and The Chilean Winter Rainfall-Valdivian Forests (Mittermeier, et al.,
2005) to reduce the uncertainty reflected in the models presented here.
Drivers of Taxon-wide Genetic diversity
As predicted, certain ecological traits in this study are significantly correlated
to genetic diversity. Larger geographic areas usually host larger population sizes or
larger subdivided metapopulations (Williams, 1964; Simberloff, 1976; Conor &
McCoy, 2013), both of which could lead to greater levels of intraspecific genetic
diversity. Likewise, in my data, the lower average nucleotide diversity per trophic
guilds for frugivore and nectarivore bats, supports paleoclimatic studies that indicate
that large frugivorous populations were the most likely to be affected by the extreme
conditions of the Last Glacial Maximum (LGM) (Carstens et al., 2018;
Chattopadhyay et al., 2019). Meanwhile, carnivores have the highest average
nucleotide diversity, which supports the idea that carnivore bats have high genetic
variability with the existence of several putative cryptic species (Clare, 2011).
In this study, I detected a correlation between family-level taxonomy and
genetic diversity. In the Neotropical region, as in the dataset, the Phyllostomidae
family is the most diverse group of bats (Fenton et al., 1992), with the insectivorous
species being the most abundant (Louzada & Monte Lima, 2019). This may have
created a bias in my results, where they may not reflect the environmental
requirements of all bat species, but rather explain genetic patterns more specifically
for Phyllostomidae or insectivorous species in general. To reduce the trophic guild
bias, a future analysis using a subset of data with the same or similar number of
OTUs per each trophic guild could be a solution. Also, using predictor variables on
each trophic guild or family individually could clarify the genetic patterns of less
abundant groups.
Body size, forearm size, and weight of bats were not significantly related to
nucleotide diversity per OTU. Due to spatial variation of sizes within a species (Wang
et al., 2020), the average size of the species (OTUs) may have not captured the
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influence of dispersal ability on bat genetic diversity. The bat population genetic data
currently available in GenBank (Clark et al., 2016) and BOLD Systems databases
(Ratnasingham & Hebert, 2007) are only cross-referenced with taxonomic and
geospatial meta-data. By adding specimen measurements to the spatial analysis of
individual bats, the predictability of genetic diversity may potentially be improved.
Other directions
The correlations detected here, and the current and future climate trends,
can give us some insight into how the patterns of bat phylogenetic and intraspecific
genetic diversity may change in the near future. This is especially important in an
order such as Chiroptera, where changes can have broad ecological and economic
impacts (Geda & Balakrishnan, 2013). This research may be more informative and
beneficial for conservation if performed at more local scales, for instance by targeting
areas where more genetic data are available, instead of across broader geographical
regions that are more sparsely sampled. I predict that smaller-scale implementations
of this framework will improve modeling genetic diversity with past and contemporary
climatic variables.
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Figures and tables

Figure 1.
Study Area. Map extracted from Natural Earth (2021) depicting the Neotropical
region, from northern Mexico to the southern tip of South America. Occurrence
points of the genetic dataset used in this study are overlaid.
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Figure 2.
A) Observed phylogenetic diversity per grid cells. B) Average nucleotide diversity.
Opposite to phylogenetic diversity, only sequences with scientific names could be
used, therefore there are fewer grid cells.
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Figure 3.
Calculation of genetic and phylogenetic diversity per grid cell in the spatial analyses
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A)

B)

Figure 4.
A) Classification of different regions according to grid cells locations within an
ecoregion or biodiversity hotspot for phylogenetic diversity. B) Classification of
different regions according to grid cells locations within an ecoregion or biodiversity
hotspot for average nucleotide diversity.
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Figure 5.
Bat species richness using geographic ranges (IUCN, 2020).
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C)

Figure 6.
A) Percentage of bats per family. Most of the bat species in the dataset belong to the
Phyllostomidae family (63%), followed by the Vespertilonidae family and Molossidae
and Vespertilionidae (11%). B) Percentages of species found by each family on the
dataset for the non-spatial analysis. The data set has the two species present in the
Noctilionidae family, one species out of 2 for Furipteridae, 5 out of 10 for
Thyropteridae, 5 out of 11 for Mormoopidae, 11 out of 22 for Emballonuridae, 15 out
of 45 for Molossidae, 15 out of 93 for Vespertilionidae and 89 out of 205 for
Phyllostomidae, 1 out of 11 for Natalidea. C) Average nucleotide diversity by family,
where the Natalidae family has the highest value, followed by Noctilionidae and
Vespertilionidae.
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C)

Figure 7.
A) Percentage of bats per trophic guild in the present data. Most bats are
insectivores (51%), followed by frugivores (36%) and nectarivores (9%). B) Taxa
coverage: Percentage of the number of OTUs (species) per grid cell used to
calculate average nucleotide diversity. C) Average nucleotide diversity by trophic
guild. Carnivores have the highest average nucleotide diversity, followed by
hematophagous bats and insectivores.
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C)

Figure 8.
A) Phylogenetic diversity correlated with the number of sequences per cell (Adjusted
R²= 0.031). B) Average nucleotide diversity per species correlated with the number
of sequences per cell (Adjusted R²= 0.032). C) Average nucleotide diversity
correlated with the number of OTUs (Adjusted R²= 0.06).
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Figure 9.
Scaled correlations between phylogenetic diversity and significant variables. Two
vegetation variables (A) AVHRR, (B) eMODIS), and (C) the precipitation of the
coldest quarter of the year.
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Figure 10.
Diagnostic plots for the best model selected for phylogenetic diversity.
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Figure 11.
Model-based predictions of phylogenetic diversity in the Neotropical Region.
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C)

Figure 12.
Scaled correlations between average nucleotide diversity and significant variables.
A) Mean Diurnal Range, B) Temperature Annual Range and C) Species Richness.

45

A)
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Figure 13.
Diagnostic plots for the best model selected for average nucleotide diversity.
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Figure 14.
Model-based predictions of average nucleotide diversity in the Neotropical regions.
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Figure 15.
Scaled correlations between species-wide genetic diversity and climate. A)
Precipitation of the wettest month, B) Annual Precipitation.
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C)

Figure 16.
Scaled correlations between species-wide genetic diversity and species-level
ecological traits. A) Geographic range, B) Trophic guild) and C) OTUs’ families.
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A)
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Figure 17.
Diagnostic plots for the best model selected for nucleotide diversity per OTU.
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Table 1.
Linear Regressions between phylogenetic diversity and environmental variables with
AIC values, Adjusted R² and p-values.
Variable

AIC

Adjusted
R²

p-values

Vegetation (AVHH)

184.911

0.0918

0.0077

Vegetation (EMODIS)

186.686

0.0671

0.0202

Precipitation of Coldest Quarter

188.043

0.0477

0.0432

Precipitation of Wettest Month

189.773

0.0224

0.1195

Precipitation of Wettest Quarter

190.206

0.0160

0.1566

Precipitation of Warmest Quarter

190.579

0.0104

0.1992

Annual Precipitation

190.619

0.0098

0.2044

Mean Temperature of Driest
Quarter

190.999

0.0041

0.2646

Annual Mean Temperature

191.439

-0.0026

0.3651

Mean Temperature of the Warmest
Quarter

191.572

-0.0046

0.4052

Min Temperature of Coldest Month

191.753

-0.0074

0.4715

Mean Temperature of Coldest
Quarter

191.809

-0.00821

0.4951

Mean Diurnal Range (Mean of
monthly (max temp - min temp))

191.877

-0.0093

0.5271

Max Temperature of Warmest
Month

191.956

-0.0105

0.5693

Precipitation Seasonality
(Coefficient of Variation)

191.956

-0.0105

0.5695

Isothermality

192.034

-0.0117

0.6185

Mean Temperature of Wettest
Quarter

192.068

-0.0122

0.6420

Temperature Annual Range
(Maximum Temperature of
Warmest Month - Minimum

192.115

-0.0129

0.6793
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Temperature of Coldest Month)
Precipitation of Driest Month

192.157

-0.0135

0.7182

Species richness (IUCN)

192.205

-0.0143

0.7726

Precipitation of Driest Quarter

192.238

-0.0148

0.8191

Temperature Seasonality (standard
deviation ×100)

192.253

-0.0150

0.8464

Table 2.
Linear Regressions between average nucleotide diversity and environmental
variables with AIC values, Adjusted R² and p-values.
Variable

AIC

Adjusted
R²

p-value

Mean Diurnal Range (Mean of
monthly (max temp min temp))

131.054

0.0721

0.0396

Temperature Annual Range
(Maximum Temperature of
Warmest Month - Minimum
Temperature of Coldest
Month)

131.189

0.0694

0.0427

Species Richness (IUCN)

131.412

0.0649

0.0484

Precipitation of Coldest
Quarter

131.600

0.0610

0.0538

Annual Precipitation

131.953

0.0538

0.0658

Vegetation (EMODIS)

132.162

0.0495

0.0742

Vegetation (AVHH)

132.482

0.0429

0.0894

Min Temperature of Coldest
Month

132.651

0.0394

0.0988

Temperature Seasonality
(standard deviation
×100)

133.059

0.0308

0.1262
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Annual Mean Temperature

133.227

0.0273

0.1398

Mean Temperature of Driest
Quarter

133.374

0.0241

0.1531

Precipitation of Wettest Month

133.538

0.0207

0.1697

Precipitation of Wettest
Quarter

133.609

0.0191

0.1776

Mean Temperature of Coldest
Quarter

133.737

0.0164

0.1927

Isothermality

134.145

0.0076

0.2522

Mean Temperature of
Warmest Quarter

135.0328

-0.0117

0.4923

Mean Temperature of Wettest
Quarter

135.3164

-0.0180

0.6521

Precipitation of Driest Quarter

135.3673

-0.0191

0.6937

Max Temperature of Warmest
Month

135.370

0.0192

0.6962

Precipitation of Warmest
Quarter

135.451

-0.0209

0.7824

Precipitation Seasonality
(Coefficient of Variation)

135.467

-0.0213

0.8052

Precipitation of Driest Month

135.487

-0.0217

0.8371

Table 3.
Linear Regressions between nucleotide diversity,environmental and ecological
variables with AIC values, adjusted R² and p-values.
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Variables

AIC

Adjusted R²

p-value

Family

397.033

0.0490

0.0048

Precipitation of Wettest
Quarter

400.687

0.0290

0.0244

Annual Precipitation

400.687

0.0241

0.0365

Geographic Range

400.780

0.0235

0.0386

Trophic guild

401.178

0.0290

0.0244

Precipitation of Driest Month

401.251

0.0202

0.0507

Precipitation of Wettest Month

401.275

0.0200

0.0515

Precipitation of Driest Quarter

401.365

0.0194

0.0542

Vegetation (EMODIS)

403.584

0.0038

0.215

Adult Body Mass (g)

403.737

0.0028

0.241

Mean Diurnal Range (Mean of
monthly (max temp - min
temp))

403.895

0.0016

0.269

Vegetation (AVHRR)

403.994

0.0009

0.289

Precipitation of Coldest
Quarter

404.059

0.0005

0.304

Temperature
Annual Range (Maximum
Temperature of Warmest
Month - Minimum Temperature
of Coldest Month)

404.478

-0.0025

0.421

Min Temperature of Coldest
Month

404.485

-0.0025

0.424

Mean Temperature of Coldest
Quarter

404.606

-0.0034

0.47

Precipitation of Warmest
Quarter

404.718

-0.0042

0.521

Temperature Seasonality
(standard deviation ×100)

404.792

-0.0047

0.560

Annual Mean Temperature

404.807

-0.0048

0.569

Precipitation Seasonality
(Coefficient of Variation)

404.884

-0.0054

0.618
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Mean Temperature of Driest
Quarter

404.896

-0.0055

0.626

Mean Temperature of Warmest
Quarter

405.023

-0.0064

0.737

Mean Temperature of Wettest
Quarter

405.051

-0.0066

0.771

Isothermality

405.107

-0.0070

0.862

Max Temperature of Warmest
Month

405.132

-0.0072

0.943

Adult Forearm length (mm)

405.136

-0.0072

0.969

Adult Head Body length (mm)

405.137

-0.0072

0.995
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